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This Hints & Kinks paper describes a technique enabling
quantification of the contributions of determinants to
socioeconomic inequality in health. This technique, dif-
fering from an analysis investigating the determinants of
average health levels, has received considerable attention
from health economists (van Doorslaer and Gerdtham
2003; van Doorslaer and Jones 2003; van Doorslaer et al.
2004; Wagstaff et al. 2003) but only more recently from
epidemiologists as well (Harper and Lynch 2007; Lynch
2006; Hosseinpoor et al. 2006). This paper employs the
relative concentration index (RCI), described in Konings
et al. (2009), to summarize relative inequality across the
entire socioeconomic distribution. The RCI of a continuous
health outcome y results from a relative concentration
curve, which graphs on the x-axis the cumulative per-
centage of the sample, ranked by an indicator of
socioeconomic position such as education or income
beginning with the poorest. The y-axis then indicates the
cumulative percentage of the health outcome correspond-
ing to each cumulative percentage of the distribution of the
socioeconomic indicator. Figure 1 provides an example of
a concentration curve, where the health variable is child-
hood malnutrition in Ghana in 2003. It shows that the level
of malnutrition accumulates faster among the poor than
among the better-off because the line is above the diagonal.
The RCI is defined as twice the area between the concen-
tration curve and the line of equality (the 45 diagonal from
the bottom-left corner to the top-right). Details on how to
compute the RCI can be found in Konings et al. (2009).
If yi is linearly modeled, linking a health variable, y to a




bkxki þ ei ð1Þ
where e is an error term.
Given the relationship between yi and xki in Eq. 1, the
RCI for y can be written as (Wagstaff et al. 2003):
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with l the mean of y, xk the mean of xk, and Ck the RCI for
xk (defined analogously to C). In the last term, GCe is the
generalized concentration index for ei. It can be computed
as a residual or using the formula GCe ¼ 2n
Pn
i¼1 eiRi; with
Ri the fractional rank in the socioeconomic distribution,
corresponding to ei (i.e. Ri = 1/N for the poorest individual
and Ri = N/N for the richest).
Equation 2 shows that C is made up of two components.
The first is a deterministic, or ‘‘explained’’ component
(Wagstaff et al. 2003), equaling a sum of weighted con-
centration indices of the explanatory variables, where the
weights are bkxk=lð Þ: The second, a residual, or ‘‘unex-
plained’’, component reflects the inequality in health that is
left unexplained by the determinants in the model.
A decomposition analysis can be conducted in a step-
wise manner (Hosseinpoor et al. 2006). A first step is to
estimate a regression model of the health variable to obtain
the coefficients of the explanatory variables (bk) in Eq. 1.
The next step consists of calculating the average of the
health variable and each of the determinants (l and xk). A
third step requires computing the RCIs for the health var-
iable and for the determinants as well as the generalized
concentration index of the error term (GCe). The RCI of
each determinant is quantified using the computation
explained in Konings et al. (2009). yi and l are now the
value of the specific determinant for the ith individual, and
the average of the determinant, respectively. These three
steps provide all values required in Eq. 2. The last and
remaining step quantifies the ‘‘pure’’ contribution of each
determinant included in the model to the inequality in the
health variable. This absolute contribution of each deter-
minant is computed by multiplying the ‘‘contribution







The relative (proportional) contribution of each
determinant is then obtained by dividing its absolute









This sequence combines a regression analysis with
distributional data (from the RCI) and thus allows
estimating how determinants proportionally contribute to
health inequality (e.g. the poor-rich gap). As an example
the contribution of breastfeeding to childhood malnutrition
inequalities in Ghana (Van de Poel et al. 2007) can be
calculated by noting that the average ‘‘height for age’’ z
score is l = 1.58 and the average duration of breastfeeding
(in months) is xk ¼ 16:98: The RCI for malnutrition
was C = -0.079 and the RCI for breastfeeding was
Ck = -0.0042. The coefficient in the regression for






  0:0042 ¼






C ¼ 0:000450:079 ¼ 0:0057 or 0.57%.
Notice that the 0.57 is slightly different from (Van de
Poel et al. 2007) because of rounding errors. Notice that a
negative contribution means that the effect of the explan-
atory variable on health (i.e. the regression coefficient)
combined with the distribution of that variable over eco-
nomic status is to ‘‘lower’’ socioeconomic inequality in
health, favoring the poor. For example, age makes a neg-
ative contribution to malnutrition inequalities in Ghana
(Van de Poel et al. 2007) because older children are both
more likely to be malnourished and, probably due to higher
child mortality rates among poorer households, more pre-
valent in the richer wealth quintiles.
The aforementioned methodology applies to continuous
health outcomes. Non-normally distributed health outcomes
require some modifications. A binary health outcome, death
for example, requires a logit model which is non-linear in
the probability of e.g. death, but linear in the natural loga-
rithm of the odds of death. Moreover, since we are
concerned with describing the inequality in predicted death,
given the observed values of the determinants, attention will
be limited to the first term in Eq. 2, i.e. the predicted
inequality measured by Cy^ then written as:





























Fig. 1 The relative concentration curve: an example with malnutri-
tion (Ghana, 2003; Source Demographic and Health Survey). The
relative concentration index equals 2 9 the area between the 45 line
and the relative concentration curve = A/(A ? B)








For example, Hosseinpoor and colleagues (2006)
decomposed the RCI of the Iranian infant mortality into
its determining factors, as shown in Fig. 2. While 36% of
income-related inequality in infant mortality in Iran was
due to economic inequality per se, 64% was because
important risk factors for infant mortality such as maternal
illiteracy and access to a hygienic toilet were strongly
correlated with income. The utility of the decomposition
exercise is thus that it links monitoring health inequality
with understanding its determinants (Harper and Lynch
2007).
Of course, the extent to which the selected determinants
provide a well-specified model for the underlying data may
affect the decomposition. The method presented here is
only one analytical approach to decompose socioeconomic
inequalities in health and other approaches, like the Oaxaca
decomposition, can be used for analyzing inequalities (Van
de Poel and Speybroeck 2009).
Most of today’s software for inequality in health is
written in Stata code (O’Donnell et al. 2008), but there is
no implementation publicly available allowing for a
decomposition of the RCI using generalized linear models.
The methods described above are now implemented in an
R package called decomp (available from the authors upon
request). The R program is free of charge (http://www.r-
project.org). We demonstrate code, including methods for
bootstrapping confidence intervals in an ‘‘Appendix’’.
Decomposition results allow policy makers to move
from tackling average health problems (the ‘‘level
approach’’) to tackling inequalities of health (the ‘‘gap
approach’’). Results in Ghana (Van de Poel et al. 2007)
suggested that factors strongly associated with average
malnutrition are not necessarily contributing to relative
socioeconomic inequality in malnutrition. Variables such
as duration of breastfeeding can be quite strongly associ-
ated with a child’s nutritional status, but do not contri-
bute to socioeconomic inequality in malnutrition, because
of a relatively equal distribution across socioeconomic
groups.
A decomposition analysis allows a clear understanding
of how factors affect inequality, i.e. through the more
unequal distribution of determinants or through the greater
association of determinants with health. Policies trying to
reduce average bad health can be different from those
aiming at lowering socioeconomic inequality in bad health.
The latter are often determined not only by health system
functions, but also by factors beyond the scope of health
authorities, requiring a multisectoral approach to realize
improvements of inequality in health across society.
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Fig. 2 The size and sign of the different contributions to the socio-
economic inequality of infant mortality in Iran (Hosseinpoor et al.
2006)
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Appendix
Appendix: R code to run the decomposition (Comments in grey). 
We use a Demographic Health Survey dataset from Kenya (2003) as an ilustration. Commands 
and output are in courier font. Commands are indicated by a prompt (>). 
Start R, and load the decomp package containing the dataset : 
We then fit a linear model for childhood stunting with sex, place of residence (urban/rural), 
household wealth and mother's education as covariates. Other generalized linear models 
(e.g. a logistic regression) are allowed. 
Next, we calculate the overall RCI and the contribution of the individual covariates with the 
contribution command  


















Fig. 3 The size and sign of the different contributions to the socio-
economic inequality in childhood stunting in Kenya (Data Source:
Kenya Demographic and Health Survey, 2003). Notice that not all
possible variables are included in the model, so the results shown are
illustrative only
Not all possible independent variables are included in the model, so the results shown
are illustrative only.
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